Abstract-The successful deployment of LTE heterogeneous networks (HetNets) depends crucially on the inter-cell interference (ICI) management. Among ICI coordination schemes, fractional frequency reuse (FFR) is considered as an efficient technique well-suited to OFDMAbased HetNets. Two coupled questions in this context are: 1) how to associate users to appropriate base-stations considering the long list of available candidate cells, and 2) how to allocate frequency resources among multiple cells. In this paper, we treat the multi-cell frequency allocation as frequency partitioning among multiple reuse patterns, and develop a novel algorithm to solve these two coupled questions in a joint manner. We also provide practical criterion to select the set of essential candidate patterns from all possible patterns. Results show that the proposed joint strategy improves both the cell-edge user and overall network throughput.
I. INTRODUCTION
The heterogeneous network (HetNet), where low-power lowcomplexity base-stations (BSs) are overlaid with conventional macro BSs, is being considered as a promising paradigm for increasing system capacity and coverage in a cost-effective way. Due to Orthogonal Frequency Division Multiple Access (OFDMA) mechanism adopted in these networks, intra-cell interference is nearly null. However, the inter-cell interference (ICI) potentially introduced by hierarchical layering of cells becomes a fundamental limiting factor to the HetNet performance. To cope with ICI, fractional frequency reuse (FFR), which was originally proposed in conventional macro-only networks [1] , is considered to be an efficient technique for OFDMA-based HetNets [2] . Compared to other ICI coordination schemes, the FFR method requires minimal cooperation among BSs and has a less complex operational mechanism, attracting the increasing research efforts [2] .
In a regular macro-only network as shown in Fig. 1 , the design of FFR is relatively a simple task. The basic mechanism is to share the available frequency band among a reuse-1 pattern and three reuse-3 patterns. The reuse pattern (or simply pattern) is defined as a combination of ON/OFF activities of BSs. For example, the reuse-1 pattern simply activates all the BSs, and a reuse-3 pattern activates only one BS among neighboring three BSs. To allocate the frequency band to different cells can be viewed equivalently as allocating frequency resources among different patterns. As a simple approach suitable in this homogeneous network, we can optimize a single parameter to control the bandwidth allocated to universally reused subbands, and then divided the rest of bandwidth evenly among three reuse-3 modes. As a result, each cell can schedule less vulnerable users (e.g., at cell-center) to the universal subbands and cell-edge users to the subbands with lower number of active BSs.
However, in a network consisting of macro and densely deployed small cells, the frequency reuse planning is no longer a simple task, due to the irregular cell location and overlaid cell deployment. The important challenges are:
1. How can we select the most important patterns? 2. How can we allocate the frequency resources among the selected patterns?
Obviously, the above questions are highly coupled with the user traffic distribution and user association policy. A cell with less number of associated users will likely be allocated less frequency resources. In this paper, we target at jointly optimizing the user association and multi-cell frequency allocation, and shed light on the above questions.
A. Related work and contributions
FFR has attracted lots of research efforts from both academia [3] - [6] and industrial standardizations [7] . The joint power and frequency allocation for OFDMA FFR has also been studied, for example in [8] and references cited therein. However, despite their coupled nature, the joint user association and frequency allocation for FFR has rarely been investigated. In [9] , the authors studied a dynamic user association problem in a FFR network. However, the frequency partitioning is assumed given beforehand and fixed. In [10] , the authors jointly optimized the user association, power and frequency allocation. However, the formulation and methodology only apply to the uplink sum rate maximization.
In this paper, we formulate the joint user association and multicell frequency allocation problem by treating the frequency allocation as frequency partitioning among multiple patterns. To solve the obtained mixed-integer nonconvex problem, we develop a tabu search algorithm. Tabu search is regarded as a metaheuristic that guides a local search procedure to explore the solution space beyond local optimality [12] . Our development is based on the effective exploitation of problem structure, hence results in a efficient algorithm. The proposed scheme significantly improves cell-edge and median user throughput compared to no frequency allocation, without sacrificing the overall 978-1-4799-5863-4/14/ $31.00 c ⃝ 2014 IEEE network throughput. We also provide practical criterion to narrow down the number of candidate patterns to reduce the complexity. Note that reuse pattern selection has been studied in a Time Division Multiple Access (TDMA) macro-only network in [11] , which is different from our formulation. Besides, the HetNet deployment requires new criterion to select essential patterns.
II. SYSTEM MODEL
We consider a downlink OFDMA HetNet, where a number of small cells are embedded in the conventional macro cellular network 1 . The set of all cells is denoted as ℬ, and the cardinality = |ℬ|. A set of users , with = | |, are distributed in the network and we assume that each user is associated with only one serving cell. Denote by = ( : ∈ , ∈ ℬ) the association indicator matrix, i.e., = 1 if user is associated with cell , and 0 otherwise. Since each user is served by only one cell, we should have
We use , ≜ √ ℎ , to denote the channel gain between BS and user at subcarrier , where is the large-scale channel gain including path loss and shadowing, ℎ , accounts for the smallscale fading. We assume {ℎ , , ∀ , ∀ , ∀ } are independent and identically distributed (i.i.d.). Following the Shannon's formula, the ergodic rate of user served by -th BS under pattern , in bit/s/Hz, can be written as
where
. . , ℎ ,1 ) with ℎ ,1 denoting the fast fading coefficient between BS and user over an arbitrary frequency subcarrier, and 2 are the transmit power of BS per Hz and the received noise power per Hz, respectively. We assume if BS is active transmit power is evenly distribute across all frequencies, i.e., = tx / where tx is the total transmit power of BS and is the system bandwidth; otherwise = 0 if BS is muted under pattern . We further assume uniformly distributed noise effect over frequencies. Hence the ergodic rate of (1) is uniform across the whole bandwidth for any pattern.
Assuming that the set of users associated with the same BS share all the frequency resources according to a chosen scheduler, e.g., round-robin scheduler 2 , we can denote the average rate of user under pattern as
where is the total bandwidth, ∑ represents the number of users associated with BS .
Given the set of all possible reuse patterns ℐ, = |ℐ|, {¯} can can be pre-calculated using (1) and treated as constants. The resource allocation strategy is to distribute total bandwidth among different patterns. Let ≜ ( 1, . . . , , . . . , ) ∈ Π be the allocation profile, where represents the fraction allocated to pattern and
Then we can express the average user rate after frequency allocation as
Remark 1: The ergodic rate is used in our system model because of two reasons. First, the adaptation of user association and multi-cell frequency assignment is expected to perform over a large time scale, e.g., in minutes or hours. As will become clear in the next section, the joint optimization is too complex to be solved in very short time, for a multi-cell network with dozens of cells. Besides, too frequent changes of user association and multi-cell frequency allocation will introduce severe overhead and delay issues and hence deteriorate the user experience. So it is impractical for the user association and multi-cell frequency allocation to adapt according to the fast fading channel state information (in milliseconds). Second, the ergodic rate formulation results in equal channel conditions among all frequency resources, which allows the user rate to scale linearly with the assigned bandwidth as shown in (2) .
Remark 2: In this paper, we aim at developing strategies for longterm user association and multi-cell frequency allocation based on the average channel (or more accurately, user rate) information. On top of this adaptation, each cell can perform individual channel-aware scheduling for all its associated users among the agreed bandwidth in a more frequent manner to respond to fast fading channel fluctuations. Our design serves the first layer in this two-level adaptation.
Remark 3: In practical systems, such as LTE, the frequency subcarriers are grouped into resource blocks that are the minimum units for resource allocation. However, our formulation assumes frequency allocation can be performed in a continuous way without granularity limit, which bounds the performance in reality. It is a reasonable approximation when the system has a large number of subcarriers (i.e.,bandwidth).
III. USER ASSOCIATION AND MULTI-CELL FREQUENCY ALLOCATION

A. Problem statement and approach
Our objective is to maximize the long-term network utility by optimizing the joint pattern selection and user association, as
where¯is expressed in (3), and provide a means for service differentiation. Note that our developed algorithm can also work for any other concave utility functions.
The formulation of (4) is a mixed-integer nonconvex problem. Even we relax the integer constraint of (4b) to allow any continuous value between 0 and 1 for , the resulting problem is still nonconvex because the objective function is not jointly concave in and . Thus, the globally optimal solution is prohibitive for reasonably sized network. Our contribution is to develop efficient algorithms to find out good solutions. The approach we adopted is based on the tabu search. Tabu search has obtained optimal and near optimal solutions to a wide variety of combinatorial problems [12] . In the following, we describe the details of the tabu search procedure to solve problem (4).
B. Tabu search procedure
Generally speaking, tabu search starts from an initial solution and moves at each iteration from the current solution to the best one in its neighborhood, even if this leads to a deterioration of the objective function value, so as to allow escaping from local optimum. The search is guided by two types of memory: short-term and long-term memory. At each iteration, the move being performed is recorded in the short-term memory and the reverse move is forbidden (i.e., tabu) for a certain number of iterations (tabu tenure), to avoid cycling. The tabu status of a move can be revoked through an aspiration criterion if this move improves the best solution found so far. The long-term memory is used to force the search into previously unexplored areas of the search space by a diversification strategy. The key elements of our tabu search is the follows.
1) Search space:
The definition of the search space is simply the space of all possible solutions that can be visited during the search. For the problem of (4), the search space could naturally be the set of all feasible and .
2) Neighborhood specification: The basic iterative step of any tabu search procedure involves moving from a current solution in the search space to one of its "neighbors" according to suitably defined neighborhood structure. In accordance with our definition of the search space, we define the neighborhood structure by considering moves in which a single strategy is modified, i.e., the association of a single user, or the pattern profile is changed. Hence, the number of neighbors in our definition is × ( − 1) + 1. One advantage of our definition of the neighborhood is that it allows efficient evaluation of the objective function for all possible neighbors of the current solution. Note that if the integer variable is given the problem of (4) becomes a convex problem in , which can be easily solved by some off-the-shelf approaches [13] . On the other hand, for fixed the evaluation of the objective function by allowing only a single user to change its association can be directly calculated by simple arithmetic operations.
3) Tabu list and aspiration criteria: At current iteration, if user changes its association from BS to , we declare tabu moving user back to BS no matter from which BS, and record this in the tabu list as ( , ). On the other hand, if pattern profile is modified at current iteration, we record ( +1, 0) in the tabu list (by treating the profile parameter as the ( +1)-th user). A new move is forbidden as long as it remains on the tabu list. The list has the short-term memory length of and is maintained on the first-in-first-out basis.
Although central to the tabu search method, tabus are sometimes too powerful. They may prohibit promising moves, or lead to an overall stagnation of the search process. Thus, a certain mechanism called aspiration criteria is used to allow cancelling tabus. The aspiration criterion used in our implementation is a simple one: a tabu move is allowed when it results in a solution with an objective value better than that of the current best-know solution.
4) Initial solution:
Typically in cellular networks, a user equipment (UE) selects a cell for association with maximum received signal strength. In a HetNet, however, this association criterion will lead to the case where the macro BSs become resource constrained, whereas the small BSs serve very few users, due to the much stronger transmit power of macro BSs. To overcome this, LTE standards have proposed a concept called range expansion (RE) to off-load macro UEs to small cells by adding a positive bias to the downlink signal strength of small cells during the cell selection. We adopt this criterion for the determination of initial value of as
where is the bias (in dB). Once the initial value of is determined, the initial value of can be obtained by solving the convex optimization problem of (4) for the given .
5) Diversification and multistart strategies:
In an early implementation of the algorithm, we found out it converges to local optima very soon (after 20-30 iterations) and gets trapped in those points, in the sense that no single strategy modification can improve the current solution. Hence, we implement a diversification step that will be executed after a certain number of iterations without improvement.
One simple diversification strategy is to re-configure cell bias value to create a new starting solution, and run the whole search process again. However, this strategy is not very efficient because improper initialization will cause significantly longer convergence time. Moreover, the knowledge of the search history is not well exploited.
So the diversification step we adopted is always performed starting from the best global solution found up to this point in the search. Based on the long-term memory, we select (referred to as diversification amplitude) users with lowest activity counts (number of association modifications) from the beginning of the search process, and randomly assign new BSs for these users. Thus the new solution differs from the best global solution in exactly components. Then the search is resumed from the new solution. To prevent too quick a reversal of these associations, they are added to the short-term memory.
6) Stopping criteria:
The whole search alternates between two component methods: 1) a inner loop improves current solution by single strategy move and 2) a diversification step to create new starting solution. The inner loop is terminated after consecutive iterations without an improvement in the objective function. The whole search process stops after the total number of iterations reach . The main steps of the searches procedure is summarized in Algorithm 1.
IV. PERFORMANCE EVALUATION AND DISCUSSIONS
A. Simulation scenarios and parameter setting
We consider a network consisting of 3 macro cells, each of which contains 4 randomly dropped pico cells as shown in Fig.2 Tabu list = ∅, = 0;
while ≤ do 7: Neighborhood formulation: create all possible neighbors of the current solution s and store them in (s );
8:
Neighbor selection:ŝ = arg max s∈ (s ) (s), and denote the move as ( , ) if user association is changed to BS or as ( + 1, 0) if pattern profile is changed to obtainŝ; 9: if (the move is in tabu list) AND (ŝ) ≤ opt then 10:
(s ) = (s ) −ŝ ; 11: Goes to step 8; diversification: set s = sopt, and then modify s by selecting users with lowest activity counts up to now and randomly assigning new BSs for these users; 24: end while 25: Output: sopt. The parameters for propagation modelling and simulations follow the suggestions in 3GPP evaluation methodology [14] , and summa- rized in Table I . We consider user density ranging from 30, 60, to 100 UEs/macro-cell. All UEs have unit weights ( = 1 in (4a)). In simulation, the total number of users are randomly dropped in the network, and we average over 5 drops of users and pico locations for each user case.
After tuning the tabu search parameters, we find the following setting most effective: Tabu Tenure = 2 and the maximum number of non-improvement for inner loop = 4. Using such short Tabu Tenure seems surprising at first glance, but it allows the algorithm to balance the local search and diversification, which has also been suggested in [15] . The total number of iterations = 800. The diversification amplitude is set to 15.
B. Comparison to reuse-1 baseline
We compare the proposed joint user association and frequency allocation strategy with the baseline system where user association is based on received power plus cell bias and reuse-1 pattern is the only pattern used. To increase the pico footprint, in the baseline system we set the macro bias to zero, and pico bias is chosen from 0, 5, 10 and 15 dB. All pico cells have the same bias value. In Fig. 3 , we report the UE throughput versus the total number of UEs in the network. One observation is that the 5th, 10th and 95th percentiles of UE throughput all decrease as the number of UEs increases. This is because less resources are available for individual users as we increase the total number of users while the total resources are fixed in the network. As also shown, our joint strategy significantly improves the cell-edge UEs(5th percentile throughput) and median UE throughput. Remarkably, this cell-edge improvement does not compromise the network throughput as evident in Fig. 3d . Only the very-center UEs can not benefit from the interference management by the proposed strategy as shown in Fig. 3c , where reuse-1 with zero bias association gives the best performance. Table II shows that the overall log-utility of the system is better with our proposed strategy compared to the reuse-1 with different association bias values. 1 0 1 1 1 0 1 1 0 1  0 0 0 1 1 1 0 1 1 1 1 1 1 1 1  0 0 0 1 1 0 1 1 1 0 1 0 0 1 1  0 0 0 1 1 1 0 1 1 1 0 1 1 1 1  0 0 0 0 1 0 1 1 1 0 1 0 0 1 1  0 0 0 1 1 0 1 1 1 1 1 1 1 1 1 Fig. 4 . Result of frequency allocation for a random drop of 90 UEs.
C. Feature pattern identification
As the number of all possible pattern in the network grows exponentially with the number cells, it is necessary to pre-define a set of candidate patterns in order to reduce the complexity of the algorithm. For a macro-only homogeneous network, [11] suggested a guideline for candidate pattern selection in the TDMA macro networks by choosing only two kinds of patterns: 1) reuse-1: all BSs are active and 2) all neighboring BSs except one are active. However, this guideline cannot be applied to the HetNet we are investigating, because the neighboring cells are not well-defined due to the overlaid deployment. Moreover, the significantly larger number of small cells also makes this approach produce too many candidate patterns.
To study the feature pattern selection in HetNet, we first visualize the results of our proposed resource allocation strategy by considering all possible patterns in the tested network. One instance is given in Fig. 4 . As seen, there are only 9 out of (2 15 − 1) patterns are used as the result of optimization. We use 0 at position of a row vector to indicate cell is OFF, and 1 if cell is ON. Unlike the guideline previously suggested in macro network, reuse-1 pattern actually is not included in the final result, which we also observe for other UE and pico drops. After examining all the results we tested, we propose the following practical criterion for candidate pattern selection in HetNet: 1). All macros are OFF, and all picos are ON.
2). One macro is ON among the adjacent three macros, and all picos are ON except those in the active macro cells.
The principle can be summarized as macro-OFF-pico-ON policy. An interesting study is to see how much degradation will be if we restrict the candidate patterns to the pre-selected ones. In Table III , we show results obtained by our joint strategy but allowing only four candidate patterns constructed according to the above criterion. The results are given in percentage of the original performance achieved without any restriction of candidate patterns. As shown, all metrics are very close to the original performance. V. CONCLUSION
In this paper, we have studied the joint user association and ICI management in heterogeneous networks. We treated the multi-cell frequency allocation as frequency partitioning among multiple reuse patterns and developed algorithms for joint optimization of user association and reuse pattern selection. We identified that although the number of all possible patterns groups exponentially with the number of cells, most of the patterns are not used as the result of the optimization. The similar observation has been made in TDMA homogeneous network before. However, in order to select the important candidate patterns, a different criterion is needed for the heterogeneous network due to the overlaid deployment. Finally, we have shown that our algorithm achieves significant performance gain compared to the conventional universal reuse scheme.
